Abstract. This paper presents a simple way to compensate the magnification effect of Self-Organizing Maps (SOM) when creating cartograms using Carto-SOM. It starts with a brief explanation of what a cartogram is, how it can be used, and what sort of metrics can be used to assess its quality. The methodology for creating a cartogram with a SOM is then presented together with an explanation of how the magnification effect can be compensated in this case by pre-processing the data. Examples of cartograms produced with this method are given, concluding that Self-Organizing Maps can be used to produce high quality cartograms, even using only standard software implementations of SOM.
Introduction
Cartograms are a type of map used in various fields to convey information about data that is geo-referenced. An example of a cartogram of the population by state in the USA is given in Figure 1 . The general shape of the country and of its states is recognizable, but the states with larger population are clearly identified as being "larger" than the others. The basic idea of a cartogram is to distort a geographical map by distorting the area of a region according to some variable of interest (e.g. population) while keeping the map, as much as possible, recognizable.
Cartograms can be a powerful way to convey information regarding characteristics of geographic regions. In the example given in Figure 1 , it becomes very clear that a few states, such as California, Florida, and a few East Coast states are, population wise, more important than their geographic area would indicate. The opposite happens with most mid-western states. An even more striking example of how useful cartograms are is presented in Figure  2 [2] , where the counties where candidates John Kerry and George W. Bush won in 2004 are represented in different colours. In a standard map (i.e. using a common projection), Bush's victory seems overwhelming. However, in a cartogram, it can clearly be seen that it was, in fact, a close call, since John Kerry won in counties with a high population density, and the total number of votes for each candidate was very similar.
There are several algorithms for building cartograms. A good review of the work done in this area was written by Tobler [3] a few years ago. None of the algorithms has proved to be universally better than any other, since the trade-offs made to get the desired result vary. A new method called Carto-SOM, based on Self-Organizing Maps (Kohonen's Self-Organizing Maps or SOM) was recently proposed [1, 4] . In this paper we present an overview of this method. One of the inconveniencies of SOM, when producing cartograms, is that the magnification effect [5] will introduce undesired distortions. We will show that a simple pre-processing technique can compensate this effect, for this particular case. A few examples of cartograms produced with this method are shown. 
Cartogram creation
As Keim et.al. [6] point out cartogram generation is a map deformation problem. The inputs of the problem are:
• a polygon map composed of a set of regions, each with an initial area given by the true geographical area (each polygon matches a region); • a target value for the final area of each one of the polygons (regions), representing the variable of interest in that region.
The goal of the map distortion is to approximate, as much as possible, the areas of the regions to the desired target.
The cartogram creation problem may be formally described as follows: 
(C)=T(M).
There is still another goal, loosely described as "shape similarity". Let S be the shape of M and S' the shape of C. The objective is that S ≅ S'. The "shape similarity"
is an elusive concept that translates the ability of a reader to recognize C as an instance of M. This property is difficult to measure and difficult to define rigorously. The ability to recognize C is not only dependent on the ability to preserve the shape of each R i but also on preserving certain landmark points. For instance recognizing a certain cartogram as a cartogram of the United States is much more dependent on preserving the shape of Florida than on preserving the shape of North Dakota. There are many possible cartograms C that achieve the desired goal, but most mappings from M to C are the result of an iterative process, and only asymptotically get the desired result (or at least some approximation to it).
Quantitative evaluation of cartograms
While it is subjective to compare the visual quality of different cartograms, it is easy to define a numerical value that characterizes how well the cartogram shares the available area between different regions, according to the given variable of interest. Various such measures have been proposed. Keim et.al. [6] proposes an area error function to determine the cartogram error in each region. This relative area error e i rel of a region R i is given by:
Where a ' i is the desired area of region R i in the cartogram (to create a perfect cartogram) and a current i is the area of region R i in the cartogram. The error measure for the whole map may be computed as the mean quadratic error, weighed error, or simple absolute error of all regions, using the following expressions:
Building Cartograms using SOM
Our inspiration for using SOM to build cartograms stems from the fact that it can be seen as a density estimation tool [8] [9] [10] , despite the limitations imposed by the magnification effect discussed later.
The basic ideas of the Carto-SOM method are quite simple. We start by generating random points with a uniform distribution in each geographic region. The number of points in each region is proportional to the variable of interest (e.g. population, average income, rainfall) of that region. Those points will be characterized by two real variables that are the geographic coordinates, and a label to identify the region they belong to. A 2-dimensional SOM can then be trained with that 2 dimensional data, and labeled accordingly. The labeled SOM (seen in output space formed by the grid) can be viewed as a cartogram. If all units had the same number of points mapped to it (i.e. if the SOM had a uniform magnification factor of 1), it would be a perfect cartogram, from a purely quantitative point of view. The greater the number of units on the SOM, the smoother and more faithful to detail the cartogram can be.
A graphical example can make the Carto-SOM process clearer. Figure 3 shows an example of this process, using a simplified instance with only two rectangular regions. The two regions are geographically identical but have distinct values for the variable of interest, represented by p. The variable p has a high value in the dark region (i.e., this is a region with a high population density), and a smaller value in the lighter region. In the following step (Figure 3 .b) we randomly produce points with a uniform distribution (represented with triangles) inside each region. The number of points created is a linear function of the value of population p. Figure 3 .c shows an initialized two-dimensional SOM (with 4 x 4 units). The SOM units are initialized so as to form a regular grid in the input space, contrary to the usual practice, in which the units are randomly initialized in the input space. We then continue with a standard SOM training phase where the units adapt to the training patterns. This means that units are moved (in the input space) in such a way that their density mimics the density of the data patterns (Figure 3.d) . The algorithm continues with the labeling process (Figure 3 .e). This process gives each unit a label based on the data of the region where it lies. In this case, the labels are the colors that identify each region, and thus each unit will be assigned the color of the region where it lies after training. Figure 3 .g represents each unit mapped back at its initial position, and coincides with it's coordinates in the output space. Based on the units' positions and labels a final population cartogram is produced (Figure 3.h) . In this cartogram the darker region (that had more population) is larger than the lighter one (that had less population), and thus the final area of the regions is proportional to their population.
Figure 3 -Example of the proposed Carto-SOM method, applied to map with two rectangular regions with different population densities.
While most SOMs form a regularly shaped grid (usually rectangle), the regions of a geographic map, when considered all together, don't. While it is possible to adjust the shape of the SOM to that of the geographic map, it is best to keep it rectangular and add a "outside" or "ocean" area to make the original map rectangular. The various ways of doing so are discussed in [4] . In this paper we will use a series of "outside regions" with a density equal to that of the neighboring region of interest.
There are a few minor issues, namely the possibility of having units that do not match any data (and thus have no label), and the magnification correction discussed later, that make the complete algorithm a bit more lengthily, and a complete, detailed, step by step algorithm is presented in [1] .
Compensating for the magnification effect of SOM
The properties of the SOM as a density estimation tool have not yet been completely established, except for some very particular cases e.g. the one dimensional case [11, 12] . In these cases it has been found that the SOM has a bias towards low density areas i.e. D units = K*D data µ , where K is a constant scaling factor, and µ, known as magnification factor, is 2/3 for some known cases. A magnification effect of 1 would mean strict proportionality between the density of input patterns and the density of their assigned units. With a magnification factor of less then 1 low density areas will be proportionally over represented. Some work has been done to calculate the magnification factor in more general cases [9, 13, 14] , and experimental evidence suggests that when using the original SOM algorithm the magnification factor is always less than one. Some methods have been proposed to explicitly control the magnification factor [5, 9, 15, 16] . These magnification control mechanisms require changes to the original SOM algorithm. In our proposed method, the standard SOM algorithm is used, but the original data is pre-processed to compensate for magnification.
This pre-processing consists on boosting the original data, so that low density areas will have even lower surrogate densities to compensate for the magnification. We can then use this surrogate dataset instead of the original one. Let us now see in detail how this dataset may be generated.
For a 1-dimensional to 1-dimensional mapping, under the special conditions described by [17] , the relationship between densities of units and data points is given by,
where D units is the density of SOM units, D data is the density of data points, k 1 is a proportionality constant that results from the ratio between the total number of units and the total number of data points, and µ is the magnification factor.
To build a good cartogram, we want strict proportionality between the density of units and the density of the original data. To obtain this we must have a surrogate dataset where the density D surr is such that, 
. For the sake of simplicity we will not explicitly calculate each of the constants k x involved in these calculations, since in the end we will be able to calculate the necessary variables without them.
Since we will be generating, for each region, a number of points proportional to the variable of interest V and not its density, we have, 
where V surr is the surrogate variable of interest to be used instead of the variable of interest V data for each region with area A. The number N of data points generated for each region is proportional to the variable of interest, i.e., N=k 4 V surr . Combining this with the previous equation we obtain, for each region,
To compute the constant k 5 we only need to know how many data points we want overall N total , since, If the original expression is valid for 2-dimensional to 2-dimensional mappings, and we knew the magnification factor exactly, then this correction would allow a proportional representation of each region, and thus a null error in the cartogram. Since that expression is just an approximation, the error will in fact be greater than 0.
As for the magnification factor µ, it is reasonable, from empirical experience, to assume it is approximately 2/3 [1, 9] . The final number of points for each region i will thus be given by, Since the "ocean" region outside the region of interest does not have to be faithfully represented, this correction need not be applied to that region.
Results
To test the Carto-SOM method we used Portugal's population data for 2001 ( Figure  4 ) and USA's population data for 2000 ( Figure 5 ). To have a comparison with other cartogram algorithms, we used Dougenik's Contiguous Area Cartogram [18] , and Gastner's Diffusion Cartogram [2] approaches, since these are the most widely used.
To implement Carto-SOM method we used the MATLAB SOM-Toolbox [19] . Several training processes were performed, changing the initial SOM parameters. All the code used, including the pre-processing code and minor adjustments, is available at http://www.isegi.unl.pt/labnt/roberto. However, it should be stressed that any SOM implementation that supports labeling, together will basic data handling software (such as Ms-Excel) could be used.
For Dougenik´s method, we used an ArcGIS script file to produce the cartograms [20] . This script allows the ArcGIS user to select an input layer and to choose the number of iterations used. In this test we used 5 iterations to produce Dougenik's cartograms. For the diffusion cartogram we used an implementation produced by Michael Gastner available at his homepage [21] . In Table 9 we present the cartogram errors obtained. Carto-SOM performance measured by this error is significantly better than the others for the USA, and is still quite competitive for Portugal. 
Conclusions
In this paper we presented a method for building cartograms, called Carto-SOM, which is based on the Self-Organizing Map (SOM) algorithm. The SOM is used to perform a 2-dimensional to 2-dimensional mapping, and input data is preprocessed to compensate for the magnification effect. Tests show that cartograms created using the Carto-SOM are good and accurate representations of the variables of interest. Visually we can see that Carto-SOM is an efficient cartogram building algorithm. Finally, it must be emphasized that, using the Carto-SOM method, the only software necessary to create a cartogram is a standard implementation of the SOM algorithm. Such implementations are widely available, both in commercial data analysis programs and public domain packages.
